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Fig. 1 The flowchart of fruit and vegetable automatic classifications
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Fig. 2 Samples of the fruit and vegetable database
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Tab. 2 Comparisons between the proposed method and the method presented in [ 14 ] %

RS G R AIE SR AE i, 5 S B E AR SCTT
Agata Potato 56.43 74.25 95. 04 94. 76
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Onion 43. 24 78.37 86. 48 95.43
Orange 30.76 40. 38 69. 23 99. 96
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Spanish Pear 32.50 60. 00 86. 25 97.37
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Fruit and Vegetable Automatic Classification Based on Appearance Feature

HE Jiangping, MA Yan, LI Qiang
(School of Information Engineering, Lanzhou University of Finance and Economics. Lanzhou 730020. China)

Abstract: This paper presents an automatic method of fruit and vegetable classification, which is based on appearance features to
make contributions to automatic selling of these goods in supermarkets. First, the fruit and vegetable images are divided into over-
lapping regions, followed by the appearance features extraction, such as Scale-invariant feature transform and Histogram of Oriented
Gradient. Second, the features are fused together for improving the representative ability. To reduce the feature dimension and en-
hance the discriminative power, the coding and pooling processes are performed on the fused features. Last, a Support Vector Ma-
chine classifier is designed based on the features and then the fruit and vegetable can be automatically classified and recognized. Com-
pared to the state-of-the-art works, the presented method produces a higher recognition rate and provides a possible solution for the
automatic selling of fruits and vegetables in supermarkets.

Key words: fruit and vegetable images; automatic classification; appearance features; coding; pooling
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